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Study  focus:  Groundwater  is  of strategic  importance.  The  accurate  estimation  of ground-
water  recharge  and  assessing  the  fundamental  controlling  factors  are  therefore  of  utmost
importance  to protect  groundwater  systems.  We  used  the spatially-distributed  water-
balance  model  WetSpass  to estimate  long-term  average  recharge  in  Flanders.  We  validated
recharge rates  with  base  ﬂow  estimates  of 67 daily  stream  ﬂow  records  using  the  hydro-
graph  analyses.  To  this  end  we performed  principal  component  analysis,  multiple  linear
regression  analysis  and relative  importance  analysis  to assess  the  controlling  factors  of the
spatial  variation  of  recharge  and  base  ﬂow  with  the  inﬂuencing  watershed  characteristics.
New  hydrological  insights  for the region:  The  average  resulting  recharge  is  235  mm/year  and
occurs  mainly  in  winter.  The  overall  moderate  correlation  between  base  ﬂow  estimates
and  modeled  recharge  rates  indicates  that  base  ﬂow  is a reasonable  proxy  of  recharge.
Groundwater  recharge  variation  was  explained  in  order  of  importance  by  precipitation,
soil  texture  and vegetation  cover;  while  base  ﬂow  variation  was  strongly  controlled  by
vegetation  cover  and  groundwater  depth.  The  results  of  this  study  highlight  the  important
role  of spatial  variables  in estimation  of recharge  and  base ﬂow.  In  addition,  the  prominent
role  of vegetation  makes  clear  the  potential  importance  of land-use  changes  on  recharge  and
hence  the  need  to include  a proper  strategy  for  land-use  change  in  sustainable  management
of  groundwater  resources.
© 2015  The  Authors.  Published  by  Elsevier  B.V.  This  is an  open  access  article  under  the  CC
BY-NC-ND  license  (http://creativecommons.org/licenses/by-nc-nd/4.0/).
. Introduction
Groundwater is the largest reservoir of liquid freshwater on the planet and is critical for sustaining life on earth, as it is
sed to satisfy domestic, agricultural, industrial, and environmental water needs (Shiklomanov, 2000; Sophocleous, 2004).
roundwater recharge has a fundamental role in sustainable groundwater resources development and management albeit
ther hydrologic, social, and economic factors have to be considered (Seiler and Gat, 2007). However, recharge rates are
ne of the most poorly constrained hydrological parameters in almost all groundwater ﬂow and transport models (Lerner
t al., 1990; Anderson and Woessner, 1992), and the least understood, largely because recharge rates vary widely in space
nd time, and rates are difﬁcult to measure directly (Healy, 2010). In Flanders, Belgium groundwater is the predominant
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source for public water supply, amounting to 48.5% (Dassargues and Walraevens, 2014). Therefore, an accurate estimation
of groundwater recharge is of utmost importance for proper management of the groundwater system.
Various methods exist to estimate recharge (Simmers, 1988; Lerner et al., 1990; Scanlon et al., 2002; Healy, 2010). In spite
of this variety, uncertainty is still a dominating factor in recharge estimation (Scanlon et al., 2002). There is a conceptual
understanding that recharge is highly spatial and temporal variable and a non-linear function of hydrometeorology, land-
use, soil texture, slope, and physical properties of aquifers (Sophocleous, 2004; Healy, 2010). Hence, increasingly methods
are developed to incorporate the spatial–temporal variation of recharge in groundwater modelling (Jyrkama et al., 2002;
Feinstein et al., 2005; Eilers et al., 2007; Jyrkama et al., 2007; Minor et al., 2007; Batelaan and De Smedt, 2007; Markstrom
et al., 2008; Hughes et al., 2008; Westenbroek et al., 2010; Best and Lowry, 2014; Moya et al., 2014; Cooper et al., 2015;
Hemmings et al., 2015). One of the main advantages of this development is that this will enable to examine impacts of
climate and land-use change on water resources at unprecedented levels of temporal and spatial variability (Healy, 2010).
For example, the GSFLOW model (Markstrom et al., 2008) is a coupled watershed/groundwater ﬂow model, which links
PRMS (Leavesley et al., 1983) with MODFLOW-2005 (Harbaugh, 2005) to simulate groundwater and surface water resources.
Conceptually, GSFLOW divides the coupled system in three compartments. The ﬁrst compartment is simulated by PRMS
and includes the plant canopy, snowpack, impervious storage, and soil zone. The second compartment includes streams and
lakes, while the third compartment represents the unsaturated and saturated zones, both are simulated by MODFLOW-2005.
Another example is the WetSpass model (Batelaan and De Smedt, 2007), which calculates the long-term recharge by means of
a water-balance model coupled to a regional groundwater model. The WetSpass model accounts for the spatial variability of
soil texture, land-use, slope and meteorological conditions in recharge estimation. WetSpass can be iteratively connected to a
groundwater model, which provides the position of the water table, while WetSpass returns recharge estimates accordingly.
The ZOODRM model (Hughes et al., 2008) incorporates the spatial and temporal constraints on the inputs, for instance the
length of the daily rainfall time series, the number of rain gauge stations, and spatial distribution of rainfall. Hemmings et al.
(2015) evaluated three precipitation distribution scenarios using the ZOODRM model to incorporate the spatial relationships
of rainfall with elevation and latitude, to estimate the spatial and temporal recharge rates of Montserrat Island.
Many authors recommend to estimate recharge with multiple methods and to compare the results (Healy and Cook,
2002; Scanlon et al., 2002; Nimmo  et al., 2003; Risser et al., 2009). Numerous studies have used base ﬂow from stream
gauging stations to estimate groundwater recharge as a means of comparison (Fröhlich et al., 1994; Cey et al., 1998; Arnold
et al., 2000; Stewart et al., 2007; Batelaan and De Smedt, 2007; Combalicer et al., 2008; Eckhardt, 2008; Gonzales et al.,
2009; Risser et al., 2009). Base ﬂow can be considered as the outﬂow of the groundwater reservoir feeding the rivers during
rainless periods (Fröhlich et al., 1994). The major assumptions in using base ﬂow for estimating recharge are that base ﬂow
equals the total groundwater discharge of a catchment and that groundwater discharge is approximately equal to recharge
(Piggott et al., 2005; Risser et al., 2005). These assumptions, however, are not entirely accepted by the scientiﬁc community
as it is difﬁcult to compare base ﬂow and recharge directly because most base ﬂow methods determine some surrogate of
the groundwater discharge and therefore of actual recharge (Rutledge, 2005; Risser et al., 2009).
Groundwater recharge simulation requires a wide range of watershed characteristic data (climatic, geologic, hydrologic,
and physiographic). The variation in the data reﬂects different spatial–temporal sources and scales of the data, as well as
different hydrologic conditions, making an interpretation of the results in terms of controlling factors difﬁcult. To derive
general trends, the complexity of the datasets can be often reduced to a few, more easily interpretable, components (Bücker
et al., 2010). Principal component analysis (PCA) is a mathematical algorithm that reduces the dimensionality of the data
while retaining most of the variation in the dataset (Suk and Lee, 1999; Jolliffe, 2002; Thyne et al., 2004; Lee et al., 2008;
Combalicer et al., 2008; Bücker et al., 2010). In a PCA, the variation in data is projected on new, abstract orthogonal principal
components (eigenvectors), with each principal component, or factor, describing a different independent source of variation
for the dataset (Bücker et al., 2010). Each component is derived from a set of correlated elements, which are inﬂuenced by
the same process (recharge) and watershed characteristics (e.g., soil, land-use, climate, hydrology, and geology).
Statistical regression techniques are commonly employed in hydrologic studies for multiple purposes (Helsel and Hirsch,
2002), as e.g., estimation of recharge and/or base ﬂow on basis of watershed characteristics (Holtschlag, 1997; Flynn and
Tasker, 2004; Mazvimavi et al., 2005; Delin et al., 2007; Gebert et al., 2007; Longobardi and Villani, 2008; Zhang et al., 2013).
However, when the independent variables are correlated with each other, the regression approach can face serious difﬁculties
(Rajab et al., 2012; McAdams et al., 2000). Therefore, PCA is useful for mitigating the problem of multicollinearity (Rajab et al.,
2013). Reported signiﬁcant watershed characteristics that inﬂuence recharge and/or base ﬂow variation include topography,
slope, catchment drainage area, precipitation, average maximum daily temperature, evapotranspiration, percentage of sand
in the soil, and land-use type (Risser et al., 2008; Zhang et al., 2013).
Multiple linear regression analyses (MLR) is particularly useful for addressing issues related to prediction, such as iden-
tifying a set of predictors that will maximize the amount of variance explained in the criterion (Tonidandel and LeBreton,
2011). However, this study uses MLR  to identify the contribution of each predictor (watershed characteristics) towards
explaining the variance in recharge and base ﬂow. On the other hand, the indices produced by MLR  analyses may  fail to
appropriately partition variance to the various predictors when they are correlated (Budescu, 1993; Courville and Thompson,
2001; Tonidandel and LeBreton, 2011; Kraha et al., 2012). Hence, more advanced approaches, such dominance weight analy-
sis (DWA) (Budescu, 1993) and relative weight analysis (RWA) (Johnson, 2000), have been developed to accurately measure
the predictor importance among correlated predictors.
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In this study, we combine PCA, multiple linear regression and relative importance analysis to identify the controlling
actors of recharge and base ﬂow. PCA was used to ﬁlter the data so that only the signiﬁcant independent variables (watershed
haracteristics) that explain most of the variance in recharge and base ﬂow could be determined. Regression equations of
rincipal components are developed to incorporate these controlling factors to predict spatial variation of recharge and base
ow. Relative importance analysis DWA  and RWA  was used to determine the order of importance of the factors resulting
rom MLR  regression of principal components and their contribution to the total variance of the spatial estimation of recharge
nd base ﬂow.
The objectives of this study are to estimate the spatial variation of groundwater recharge in Flanders, Belgium using
he WetSpass model. The hypothesis that will be tested is if the simulated recharge can be conﬁrmed by using base ﬂow
stimates derived via the Web-based Hydrograph Analysis Tool (WHAT) (Lim et al., 2005). The controlling factors of recharge
nd base ﬂow are identiﬁed using PCA, multiple linear regression analysis and relative importance analysis.
. Study area
The study area covers the Flanders region in the northern part of Belgium (Fig. 1). Flanders is a relatively ﬂat region
ith an average slope of 1%, although the southeastern part shows more elevation variation with slopes above 5%. The mean
nnual long-term precipitation ranges from 675 to 995 mm/year (1833–1995), while the average yearly, long-term potential
pen water evaporation ranges from 662 to 675 mm/year (Batelaan et al., 2007). The summer potential evaporation typically
onstitutes about 85% of the total yearly amount. The long-term average wind speed for the summer and winter season are
.3 m/s  and 3.8 m/s, respectively, while the average temperatures for summer and winter are respectively 14.1 ◦C and 5.0 ◦C
Batelaan et al., 2007).
In the study area, nine soil textures occur (Fig. 2), the northern part of Flanders is mainly covered by sand and loamy sand,
hile in the south silty loam and sandy loam dominates. The coastal area is characterized by the presence of clay, while in
he polders heavy clay dominates. The soil textures that are the most common are sand and silty loam respectively 25.9% and
7.8%, followed by loamy sand (17.7%), silt (15.8%), sandy loam (12.5%), clay loam (6.5%), clay (2.5%), sandy clay loam (1.5%),
nd loam (<0.1%). The land-use map  with a resolution of 50 by 50 meter was reclassiﬁed from the original land-use map
f 10 × 10 m (Poelmans et al., 2014), the 114 categories were aggregated to 22 classes according to the standard land-use
ables of the WetSpass model. The main land-use types (Fig. 3) for 2013 are built-up area (24%), meadow (22%), maize and
uberous (19%), agriculture (11%), forest (11%), and lakes and rivers (2%) (Poelmans et al., 2014).
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Fig. 2. Soil textures of Flanders, sand, and loamy sandy soils cover more than 50% of the total area.
Fig. 3. Land-use types of Flanders for the year 2013, built-up area, meadow, agriculture, and forest are the major land-use types (Poelmans et al., 2014).3. Methodology
3.1. Overview
The methodology consists of three parts (Fig. 4). In the ﬁrst part, we  have applied the WetSpass model to quantify the
groundwater recharge, and to determine the spatial distribution as a function of various factors, such as hydrometeorology,
topography, soil texture, and land-use type. Next, base ﬂow for 67 sub-catchments was  separated using the Web-based
Hydrograph Analysis Tool (WHAT) to compare it with simulated recharge values from the WetSpass model. In the third part,
Pearson’s correlation coefﬁcients were used to determine the strength of possible relationships between recharge, base ﬂow
and watershed characteristics. Next we have used three statistical analysis methods using XL-STAT software to identify the
controlling factors affecting recharge and base ﬂow: PCA, MLR, and DWA/RWA. PCA is used to reduce the dimensionality of
the data and to identify the controlling factors that explain most of the variance of recharge and base ﬂow. Consequently,
regression equations are developed that incorporate these controlling factors to predict spatial variation of recharge and
base ﬂow. Finally relative importance analysis (DWA and RWA) was performed to determine the order of importance of
each signiﬁcant variable in explaining the variance of spatial estimation of recharge and base ﬂow.
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.2. Recharge estimation
The WetSpass model is a quasi-steady state, simulation model for water and energy transfer between soil, plants, and
tmosphere. It predicts spatial patterns of surface runoff, evapotranspiration, and groundwater recharge on a regional scale
Batelaan and De Smedt, 2007).
The model treats a basin or region as a regular pattern of raster cells. Every raster cell is further sub-divided in a vegetated,
are soil, open water, and impervious surface fraction. The seasonal water balance is calculated for each grid cell. The seasonal
ater balance for a vegetated fraction of a raster cell is
P = Sv + Tv + Rv + I (1)
here P is the precipitation (mm),  Sv the surface runoff (mm),  Tv the actual transpiration (mm),  Rv the groundwater recharge
mm),  and I the interception (mm).  The same procedure is used to calculate the water balance for the bare soil, impervious,
nd open-water fractions of a cell. Then the water balance of each grid cell can be calculated by summing up the independent
ater balances for the different fraction per raster cell. The total actual evapotranspiration (ET) is calculated as the sum of
he interception, the transpiration (soil and groundwater) and the evaporation from the bare soil in a grid cell. Groundwater
echarge is calculated as the residual term from the water balance. A more detailed description, calibration, validation and
 case study of the WetSpass model for a part of Flanders can be found in Batelaan and De Smedt (2007).
WetSpass requires spatially distributed land-use, soil texture, slope, long-term average precipitation, potential evapo-
ranspiration, wind speed, and groundwater depth. The required input data with a resolution of 50 × 50 m were available
rom Batelaan et al. (2007). Only the land-use map  has been updated with new 2013 land-use map  (Poelmans et al., 2014).
he groundwater depth for summer and winter was  estimated on basis of topographic elevation and interpolated measured
roundwater levels (Meyus et al., 2004). The model parameters were calibrated for Flemish conditions and the uncertainty
as estimated by Batelaan and De Smedt (2007) and Batelaan et al. (2007). In the current study, the water balance is calcu-
ated for a summer season from April to September and a winter season from October to March. The results are consequently
ummed to obtain annual values.
.3. Base ﬂow estimation
.3.1. Catchment delineation
The Flanders region consists of the three major river basins of the Scheldt, the Meuse and, the Yser River. These basins
re subdivided into 11 regional catchments. Within these regional catchments (see for names Fig. 5) we have selected 67
iver gauging stations for hydrograph analysis (see for location Fig. 5), each having at least 10 years of daily discharge data
rom 1972 to 2008. Discharge data were obtained from the publicly available surface water database of the regional water
uthority (VMM,  2010). We  used the Hydrology Tool in ArcGis to delineate the catchments belonging to each gauging station,
ased on the Digital Elevation Model and river network map  of Flanders (GIS-Vlaanderen, 2001).
.3.2. Web-based hydrograph analysis
The automated Web-Based Hydrograph Analysis Tool (WHAT) is an online freely available tool to separate base ﬂow
rom stream ﬂow data. The tool includes three separation ﬁlters, the local-minimum method (Lim et al., 2004, 2005), the
ne parameter digital ﬁlter method (Lyne and Hollick, 1979; Nathan and McMahon, 1990; Arnold and Allen, 1999; Arnold
t al., 2000) and the Eckhardt recursive digital ﬁlter (Eckhardt, 2005).
354 Z. Zomlot et al. / Journal of Hydrology: Regional Studies 4 (2015) 349–368Fig. 5. Delineated sub-catchments (in gray) for the 67 gauging stations (in red) used for base ﬂow analysis within the 11 catchments in Flanders. (For
interpretation of the references to color in this ﬁgure legend, the reader is referred to the web  version of this article.)
The local-minimum method (LMM)  connects the lowest points on the hydrograph with straight lines, thereby, mimicking
the traditional graphical separation technique. The method checks for every day if the discharge is the lowest value in one
half the interval (N) minus 1 day [0.5(2N* − 1) days] before and after the day being considered. If true, then it is a local
minimum and is connected by straight lines to adjacent local minima (Sloto and Crouse, 1996).
The one parameter digital ﬁlter method (OPM) is deﬁned as:
qt =  ˛ × qt−1 +
1 + ˛
2
× (Qt − Qt−1) (1)
where, qt is the ﬁltered direct runoff at time step t (m3/s); qt−1 is the ﬁltered direct runoff at time step (t − 1) (m3/s);  ˛ is
the ﬁlter parameter; Qt is the total stream ﬂow at time step t (m3/s); and Qt−1 is the total stream ﬂow at time step (t − 1)
(m3/s). A ﬁlter parameter of 0.925 was used in this study as recommended by Nathan and McMahon (1990) because they
found that it gives realistic results when compared to manual separation results. The advantage of the digital ﬁlters is not
that it is physically based, but that it is fast, consistent, reproducible and therefore, it removes the subjective aspect from
manual separation (Arnold and Allen, 1999).
The general form of the Eckhardt Recursive Digital Filter method (RDF) (Eckhardt, 2005) is:
bt = (1 − BFImax) ×  ˛ + bt−1 + (1 − ˛) × BFImax × Qt1 −  ˛ × BFImax (2)
where bt is the ﬁltered base ﬂow at the t time step (m3/s); bt−1 is the ﬁltered base ﬂow at the t − 1 time step (m3/s); BFImax is
the maximum value of long term ratio of base ﬂow to total stream ﬂow;  ˛ is the ﬁlter parameter; and Qt is the total stream
ﬂow at time step t (m3/s). This type of digital ﬁlter method has been used in signal analysis and processing to separate high
frequency signals from low frequency signals (Lyne and Hollick, 1979). High frequency waves can be associated with the
direct runoff, and low frequency waves can be associated with base ﬂow (Eckhardt, 2005, 2008). Eckhardt (2005) proposed
BFImax values of 0.80 for perennial streams with porous aquifers, 0.50 for ephemeral streams with porous aquifers, and 0.25
for perennial streams with hard rock aquifers. These values were obtained through application and validation of this ﬁltering
approach on watersheds in Pennsylvania, Maryland, Illinois, and Germany (Lim et al., 2005). Here, the suggested value of
0.98 for the ﬁlter parameter and 0.80 for BFImax corresponding to the hydrogeological conditions of the area were selected.
3.4. Identiﬁcation of controlling factors
In a four step procedure, the effects of physical, hydrological, and climatological characteristics of the spatial variation of
recharge and base ﬂow are related using multivariate statistical analyses: (1) determination of watershed characteristics that
are signiﬁcant for recharge and base ﬂow using Pearson correlation test; (2) Principal Component Analysis (PCA) to detect the
outliers, reduce the number of variables and to identify variables that explain most of the variance; (3) use of multiple linear
regression analysis with principal component scores to relate recharge and base ﬂow to independent signiﬁcant watershed
characteristics; (4) relative importance analysis to explain importance of variance for each signiﬁcant characteristics.
We selected nine parameters, base ﬂow index, simulated recharge, and seven watershed characteristic variables that
might be signiﬁcant for recharge and base ﬂow (Table 1). Mean values of these parameters were derived directly from the
input and output raster maps (50 m resolution) of the WetSpass model and prepared by a variety of ArcGIS tools. The base
ﬂow index (BFI) is the proportion of base ﬂow to the total stream ﬂow (Bloomﬁeld et al., 2009). We  have used BFI as it was
widely used in recent literature and shown to be an important variable to detect the inﬂuence of watershed characteristics
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Table  1
Watershed characteristics selected for multiple linear regression.
Watershed characteristics Unit
Recharge mm/year
Base ﬂow index %
Soil texture %
Land-use types %
Catchment slope degree
Catchment drainage area km2
Precipitation mm/year
Potential evapotranspiration mm/year
Groundwater depth m
Table 2
Long-term water balance for Flanders simulated with WetSpass (all values are in mm).
Parameter Min  Max Average Std. dev
Annual Precipitation 647 997 756 38
Evapotranspiration 207 758 450 59
Groundwater recharge −109a 507 235 93
Surface runoff 1 605 73 81
Summer Precipitation 346 511 388 20
Evapotranspiration 133 626 334 56
Groundwater recharge −172a 164 18 55
Surface runoff 0 306 39 38
Winter  Precipitation 328 486 368 19
Evapotranspiration 72 160 116 7
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iGroundwater recharge 0 38 217 56
Surface runoff 0 364 35 51
a Negative recharge should be interpreted as zones where total ET is higher than inﬁltration (Precipitation–Runoff).
n base ﬂow (Abebe and Foerch, 2006; Price, 2011). We  used base ﬂow indices resulting from the RDF method as the method
as validated against seven base ﬂow separation techniques (Eckhardt, 2008; Combalicer et al., 2008).
Pearson’s correlation coefﬁcients were used to determine the signiﬁcance of potential relationships between recharge,
ase ﬂow index, and different watershed characteristics. PCA was  carried out only for the variables that were signiﬁcantly
orrelated with recharge and/or base ﬂow index (Wang et al., 2013). We  used PCA to detect the outliers in the dataset
nd to identify components that explain most of the variance, only components with an eigenvalue greater than one were
etained (Brejda et al., 2000). To maximize the variation among the variables under each component, a varimax rotation was
erformed. Watershed characteristic variables with a high factor loading (>0.75) were assumed to be the variables that best
epresent the variation and were selected for regression analysis (Liu et al., 2003).
Subsequently, a new PCA analysis was carried out for the variables with high factor loadings only, followed by a multiple
inear regression analysis with the principal component scores with an eigenvalue greater than one.
We used standardized regression coefﬁcients (beta weight) resulting from principal component’s regression to evaluate
he relative contribution of each variable (predictor) in explaining importance of variance, but these simple measures are
ecognized as inadequate measure of relative importance when multiple predictors are correlated with one another (which
s the case for predictors in MLR  for recharge) (Budescu, 1993). Therefore, we performed relative importance analysis,
he goal of which is to partition explained variance among multiple predictors to better understand the role played by
ach predictor in a regression (Tonidandel and LeBreton, 2011). We  used dominance analysis (DWA) and relative weight
nalysis (RWA) (Budescu, 1993; Johnson, 2000), which have been proved as appropriate measures of predictor importance in
he context of multiple correlated predictors (Johnson and LeBreton, 2004). Dominance weight analysis determine variable
mportance based on comparisons of unique variance contributions of all pairs of variables to regression equations involving
ll possible subsets of predictors (Nathans et al., 2012). While relative weight analysis solves the problem by using principal
omponents analysis to transform the original independent variables into a set of uncorrelated principal components that
re highly correlated with the original independent variables (Tonidandel and LeBreton, 2010). Details of DWA  and RWA
an be found in Azen and Budescu (2003) and Johnson (2000). The DWA  excel spreadsheet (LeBreton, 2006) and the web-
ased RWA  tool (Tonidandel and LeBreton, 2014) were used to detect the order of importance of each signiﬁcant variable
n explaining the variance of spatially estimated recharge and base ﬂow.
. Results and discussion.1. Recharge simulation
The long-term average results of the WetSpass modeling for Flanders are summarized in Table 2. The summer season
s characterized by a high evapotranspiration (86% of precipitation) and 10% surface runoff, which results often in a net
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Fig. 6. Simulated long-term average annual groundwater recharge (mm/year) for Flanders.
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mm/yrFig. 7. Average annual groundwater recharge, runoff and evapotranspiration as a function of soil texture. The areal coverage of each soil texture class is
given  on the right hand side.
negative groundwater recharge under shallow groundwater conditions, i.e., a contribution of the groundwater reservoir to
transpiration. In winter, the surface runoff is similar (7%), but the evapotranspiration drops to 32% of rainfall because of lower
temperatures. Hence, more water is available for groundwater recharge (59%), which shows that most of the groundwater
recharge occurs in winter.
The annual groundwater recharge shows a large spatial variation with values between −109 and 507 mm (Fig. 6). The
yearly average value is 235 mm and the standard deviation 93 mm,  summer recharge value of 18 mm and winter average
recharge of 217 mm.  This ﬁnding was conﬁrmed by Van Camp et al. (2010) on basis of results from a case study in northern
Belgium. They showed that total aquifer recharge calculated with long-term average data is 239 mm/year and mainly occurs
in winter. According to our results, the long-term average recharge for the same area is 235 mm/year.
Negative recharge occurs in case the total evapotranspiration is higher than the inﬁltration (Net Precipitation—Runoff).
This only occurs in zones with shallow groundwater. In places where the water table is near the land surface, such as in
valleys, polders, areas near to lakes and rivers, plant roots can penetrate into the saturated zone, allowing the plants to
transpire water directly from the groundwater system.
We calculated the average groundwater recharge for each sub-catchment by overlaying the annual recharge map of
Flanders (Fig. 6) with the sub-catchments map  (Fig. 5). The sub-catchment Pulle/Molenbeek (see for location Fig. 5, No. 42)
has the highest recharge rate (336 mm/year). Pulle/Molenbeek is dominated by sandy soils and covered by agriculture 35%,
forest 26%, and meadow 24%. On the other hand the Budingen/Gete sub-catchment (see for location Fig. 5, No. 8) has the
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(owest recharge rate (168 mm/year), since it is dominated by loamy soil and mainly covered by agriculture for more than
5%.
Figs. 7 and 8 present the water balance components (average annual groundwater recharge, evapotranspiration, and
unoff) as a function of different soil textures and land-use types in Flanders, respectively. Groundwater recharge appears to
e strongly dependent on soil texture. For the light soil types, sand, and loamy-sand, recharge shows similar values, while
or the slightly heavier soils (light sandy-loam, sandy-loam, and loam), it is clear that the recharge values fall between the
alues of the sandy and the clay soil. For clay, the groundwater recharge decreases to about half the value of the loamy soil
extures. For heavy clay, the recharge becomes less than 50 mm.
The simulated groundwater recharge is also highly dependent on land-use (Fig. 8). Built up area has a low groundwater
echarge as it is characterized by a full or partial impervious surface. Built up area comprises 24% of the surface of Flanders
nd is scattered over the whole area. The degree of surface sealing of the ground surface depends on the type of land-use.
he rural area comprises different land-use types and covers 62% of the total area of Flanders. These areas have both positive
nd negative impacts on groundwater recharge. For agricultural area, maize, tuberous crops, and to a lesser extent for
rchard, there is a clear inﬂuence of the seasons. It is assumed that these lands are in the winter almost bare, which results
n increased surface runoff, and reduced actual evapotranspiration. The summer season is characterized by a higher actual
vapotranspiration, leading to lower recharge. Especially orchards show a low average groundwater recharge. Pastures and
et grasslands have still vegetated area in winter, resulting in relatively higher evapotranspiration and lower surface runoff.
or open water (lake class), the WetSpass model assigns a zero recharge, as it is assumed that the recharge derived from the
recipitation on the open water fraction is negligible compared to the possible recharge from the surface water body itself
Batelaan and De Smedt, 2007).
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4.2. Base ﬂow estimates
We  calculated the base ﬂow rates with the LMM, OPM, and RDF methods for the daily historical stream ﬂow records of
67 gauging stations. Fig. 9 shows an example of the Rummen/Melsterbeek gauging station (see for location Fig. 5, No. 47).
In this station, the total ﬂow amounts to 1.09 m3/s on average and the base ﬂow rates are 0.92, 0.90, and 0.83 m3/s for LMM,
OPM, and RDF, respectively. Computed mean annual base ﬂow indices for all stations range from 0.51 to 0.95. LMM  results
in slightly higher average estimates (0.75) than OPM (0.74) and RDF (0.70). The OPM and RDF methods roughly demonstrate
similar patterns in seasonal response. However, the result of LMM  shows higher base ﬂow values during the rising limb of
the hydrograph.
The base ﬂow indices for the Dijle, Demer, and Nete neighbouring catchments located in the east of Flanders, ranged
from 60% to 89%. This is in agreement with Batelaan and De Smedt (2007), who  estimated average base ﬂow indices for
these catchments in the range of 69–87%. Van Camp et al. (2010) simulated the groundwater balance in northern Belgium,
showing that 85% of river discharge is groundwater drainage. This is in agreement with our results, where in average 80% of
the stream ﬂow is attributed to base ﬂow for the same extended area.
4.3. Comparison of base ﬂow and recharge
Fig. 10 presents the scatter plots, which display the correlation between simulated recharge and the three base ﬂow
separation methods. We  chose two statistical correlation tests, Pearson and Kendall tau to test the hypothesis that recharge
correlates signiﬁcantly with base ﬂow. Pearson’s correlation coefﬁcient (r) is a measure of the strength of the correlation
between the two variables. The comparison shows strong signiﬁcant correlation between any pair of base ﬂow separation
methods but only moderate signiﬁcant Pearson correlation between base ﬂow and recharge. The Kendall test for correlation
analysis measures the association between original pairs of data points while being insensitive to the effect of outliers
(Combalicer et al., 2008). Under this test, the base ﬂow methods also demonstrate positive association to each other, while
they reveal moderate correlation with recharge. The correlation between all methods was  statistically signiﬁcant at the
level of 0.01. It must be pointed out that the three base ﬂow estimates from the WHAT system were based on a common set
of stream ﬂow data (variable length per station—on average 10 years), which explains the high correlation between these
methods, while the recharge estimates from the WetSpass model were based on a long-term average dataset (1833–1995)
(Batelaan et al., 2007).
For many sub-catchments, the correlation between recharge and base ﬂow is good as shown in Fig. 10, but there is an
important group of cases which are situated below the 45-degree line. The comparison between WetSpass and RDF is taken
as an example to investigate these biased cases (marked with red numbers in Fig. 10). The location of these sub-catchments
is shown in Fig. 5.
Silty loam soil textures dominate these sub-catchments and as Fig. 7 indicates silty loam has clearly a lower recharge than
the coarser soil textures. Silty loam is characterized by low permeability and high water holding capacity. The permeability
of the soil has a great effect on base ﬂow (Hewlett, 1961). Streams that originate in terrain having low permeability generally
have highly variable ﬂow, and tend to have small recession indexes because most precipitation runs off rather than recharging
groundwater, resulting in a minimal release of groundwater to the stream (Winter, 2006). So, base ﬂow could be expected
to be rather low in these sub-catchments. However, this does not explain yet why the estimated recharge is higher than the
baseﬂow.
The land use of these sub-catchments is dominated by urban areas, agriculture, and meadow. Agricultural land use may
have a positive or negative effect on recharge and base ﬂow, depending on management practices (Price, 2011). In Flanders,
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0% of irrigation comes from groundwater (Varone and Aubin, 2004), so as these sub-catchments are located in agricultural
reas and are often irrigated from groundwater, the base ﬂow may  be reduced. Urbanization is another human impact
ffecting base ﬂow and recharge, which may  be associated with a total rearrangement of surface and subsurface pathways.
ence, this complicates the pathways between subsurface recharge and channel ﬂow (Price, 2011).
On the other hand, the most common characteristic among these sub-catchments is their upstream location in more
opographic elevated regions (deeper water tables) and small catchment areas (except sub-catchments 8 and 22). This
ncreases signiﬁcantly the likelihood that the surface water divides of these small sub-catchments do not coincide with
roundwater divides and that these sub-catchments are net exporters of groundwater as can be concluded from their higher
echarge than base ﬂow (Fig. 10). The assumption that base ﬂow equals recharge implies that the groundwatershed is
quivalent to the surface watershed, and no groundwater ﬂow crosses the boundary (Erickson and Stefan, 2008). However,
roundwater ﬂow systems sometimes overlap more than one catchment, within catchments surface water and groundwater
oundaries often do not coincide, and they can change dynamically with time (White, 1999; Winter et al., 2003; Ross, 2012).
his makes it very difﬁcult to know the size of a groundwater shed that contributes to a stream whether it is in a headwater
rea or anywhere along the length of a stream (Winter, 2006). In general, there is often a mismatch between the calculated
echarge rates and base ﬂows observed in streams due to scale effects and inadequate accounting for lateral ﬂuxes in a purely
ertical analysis (Tuteja et al., 2003; Hughes, 2012).
Previous studies have shown that watershed topography, geomorphology and climatic setting inﬂuence base ﬂow (Winter
t al., 1998; Brutsaert, 2005; Price, 2011). For example, a stream in a wet climate might receive groundwater inﬂow, but a
tream in an identical physiographic setting in an arid climate might lose water to groundwater (Winter et al., 1998).
It should of course also be noted that in this paper we are comparing modeled recharge values with base ﬂow estimates.
he WetSpass model has different sources of uncertainty, which obviously affects the comparison. Although the model
arameters were calibrated for Flemish conditions and the uncertainty was  estimated by Batelaan and De Smedt (2007) and
atelaan et al. (2007), the calculated recharge values from WetSpass are of course only one possible realization.
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Table  3
Pearson correlation coefﬁcients between recharge, base ﬂow and watershed characteristics.
Variables Symbol Recharge Base ﬂow index
Sandy soil SA 0.72** 0.04
Loamy  sandy soil LSA 0.55** −0.12
Sandy  loam SAL −0.17 −0.36**
Silty loam STL −0.41** 0.29*
Silty soil ST −0.42** −0.26*
Sandy clay soil SAC 0.24 0.19
Clay loam soil CLO −0.09 −0.11
Clay  soil CL −0.26* 0.15
Meadow MW 0.34** −0.35**
Wet  meadow WMW  0.13 0.26*
Orchard ORC −0.29* 0.28*
Heather HT 0.38** 0.15
Lake  LK 0.26* 0.21
Catchment drainage area CDA 0.09 0.11
Catchment slope CS −0.30* 0.29*
Precipitation PPT 0.75** 0.27*
Potential evapotranspiration PET 0.287* −0.42**
Groundwater depth GWD  −0.19 0.52**
Forest FS 0.57** 0.42**
Build up area BU −0.13 −0.01
Agriculture AG −0.50** −0.37**
* Correlation is signiﬁcant at the 0.05 level (2-tailed).
** Correlation is signiﬁcant at the 0.01 level (2-tailed).
We  may  conclude that the relation between recharge and base ﬂow is controlled by various watershed characteristics and
groundwater–surface water interaction. Hence, base ﬂow could be considered as a proxy for recharge, with the exception of
some small catchment and catchments with silty soil. Hereafter, we  will investigate the controlling factors of recharge and
base ﬂow.
4.4. Identiﬁcation of factors controlling recharge and base ﬂow
4.4.1. Correlation analysis
A ﬁrst step towards identifying the controlling factors of recharge and base ﬂow is to determine the signiﬁcantly correlated
watershed variables (Table A1). We  used the Pearson correlation test to determine the correlation among groundwater
recharge, base ﬂow index, and the seven selected watershed variables (Table 3). Urban land-use classes (built up, city center
built up, open built up, industry, and infrastructure) were grouped to one variable named urban areas. Also forest classes
(deciduous forest, coniferous forest, mixed forest, and pine) were grouped into one class called forest. Agriculture, maize
and tuberous crops land-use types were grouped into one class named agriculture.
In general we found a high correlation between variables (Table A1) and it can be concluded that these variables are quite
redundant thus share the same driving principle in deﬁning the spatial variance of recharge and/or base ﬂow. Groundwater
recharge shows more variables with signiﬁcant correlation than base ﬂow index. Precipitation shows strong positive cor-
relation with groundwater recharge and moderate to base ﬂow index. This ﬁnding is considered to be a general rule which
was shown in many groundwater recharge studies (Freeze and Cherry, 1979; Bredenkamp, 1988; Edmunds and Gaye, 1994;
Jan et al., 2007; Stonestrom et al., 2007). Potential evapotranspiration was found to be positively correlated to recharge,
as the result of a correspondence between the temperature gradient (determining PET signiﬁcantly) and the soil texture
distribution in the study area.
Soil properties appear to have a major contribution in spatial variation of recharge, ﬁve of the eight different soil textures
were found to be signiﬁcantly correlated (loam soil type was  excluded <0.01 km2). Sandier soils (sandy soil and loamy sandy
soil) reveal high positive correlation with recharge while clayey soils (silty soil, silty loam soil, and clay soil) were negatively
correlated to recharge. Built up area shows no correlation with recharge and base ﬂow index, however, one should not
confuse built-up areas with impervious areas. Built-up area consists of different land use classes (open build up area, urban
area, city center, and infrastructure) that can have a very different degree of imperviousness. Additionally, the average
recharge is calculated at the sub-catchment level. This average value is a function of a complex combination of different
land-use types, soil textures and other factors.
Forest and agriculture show similar but contrasting correlation, respectively the third and the fourth signiﬁcant correlated
variables after precipitation and sandier soils. Deforestation tends to decrease evapotranspiration, increase storm runoff and
soil erosion, and decrease inﬁltration to groundwater and base ﬂow of streams (Winter et al., 1998). Groundwater depth
is the most signiﬁcant correlated variable for the base ﬂow index. This ﬁnding conﬁrms the study Lo et al. (2008) who
show the strong correlation between groundwater depth and base ﬂow based on results for a case study in Illinois, USA.
Larger groundwater depth associate with higher slopes and indicate higher contribution of base ﬂow to streams (Table A1).
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Table 4
Principal component analysis (PCA1) of watershed characteristics that are most closely correlated with recharge and base ﬂow.
Recharge Base ﬂow index
PC1 PC2 PC3 PC1 PC2 PC3
Eigenvalue 3.73 1.46 1.40 2.16 1.64 1.11
Variance % 37.93 19.15 16.36 28.23 27.50 26.29
Cumulative % 37.93 57.07 73.43 28.239 55.74 82.03
Rotated factor loadinga
SA 0.767 0.406 0.136
LSA 0.320 0.494 0.617
SAL 0.901 0.141 −0.151
STL  −0.135 0.974 −0.050
ST −0.661 0.435 −0.468
MW  −0.140 0.031 0.825 −0.024 −0.015 0.927
HT 0.575 0.214 0.247
PPT 0.766 −0.117 0.217
PET 0.476 0.071 0.586
GWD  −0.781 0.239 −0.380
FS  0.821 0.248 −0.215 0.153 −0.887 −0.311
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mAG  −0.811 −0.233 0.012 0.147 0.884 −0.333
a Bold type denotes variables with a high factor loading >0.75.
owever, the groundwater discharge is obviously also determined by the size and permeability of the groundwater basin
hat contributes water to the stream (Winter, 2006).
.4.2. Principal component analysis
The major goal of principal components analysis is to reveal hidden structure in a dataset and to reduce a larger set of
ariables into a smaller set of ‘artiﬁcial’ variables, called ‘principal components’, which account for most of the variance in
he original variables. As shown in the previous section, the high correlation between variables is a signiﬁcant sign of high
edundancy in the data (Table A1). Therefore, we  used PCA, to decrease redundancy in the data and to identify the controlling
actors that explain most of the variance of recharge and base ﬂow. The derivation of the principal components was based
n the correlation matrix of standardized data, as these PC’s are not independent of the scales in which the original variables
re measured (Jolliffe, 2002).
Another statistical problem that was solved by PCA is detecting outliers. Outliers are observations that are in some way
ifferent from, or inconsistent with, the remainder of a dataset (Barnett and Lewis, 1994), resulting in a strong effect on
he results of different statistical analysis. Therefore, we  perform a PCA with the selected variables to detect the outliers by
lotting the ﬁrst and the last two principal components (PCs) of our dataset (Jolliffe, 2002). The most extreme observations
ith respect to the last two PCs, namely observations 48 and 52 are also among the most extreme with respect to the ﬁrst
wo PCs (Fig. 11).
After the removal of the outliers we carried out a PCA (PCA1) for the remaining 65 river gauging stations to extract therincipal components corresponding to the different sources of spatial variation of recharge and base ﬂow. We  used only
he signiﬁcant correlated variables with recharge and/or base ﬂow at the 0.01 level 2-tailed, because other variables were
oderately to weakly correlated to recharge and base ﬂow (Wang et al., 2013).
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For groundwater recharge, three principal components with eigenvalues greater than 1 were extracted and rotated using
the varimax normalization (Table 4). The PC’s account for more than 73% of the spatial variance in the groundwater recharge.
In PC1 the percentage of forest land-use type had the highest loading factor; followed by percentage of agriculture, sandy
soils, and amount of precipitation. Percentage of silty loamy soil and percentage of meadow land-use type are the greatest
contributor in PC2 and PC3 respectively.
The PCA of base ﬂow index resulted in three rotated principal components accounting for 82% of the spatial variance in
base ﬂow (Table 4). Percentage of sandy loamy soil had the highest loading factor in PC1 followed by groundwater depth.
Agriculture and forest land-use types are the best representative variables in PC2, while percentage of meadow land-use
type is the only variable contributing to the variance in PC3.According to the PCA the spatial variation of groundwater recharge is explained in order of importance by vegetation
cover, soil texture and precipitation, while base ﬂow index variation is explained by soil texture, groundwater depth, and
vegetation cover.
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Table  5
Principal component analysis (PCA2) of high loading variables in PCA1 and multiple linear regression models of principal components for recharge and
base  ﬂow.
PCA Recharge Base ﬂow index
PC1 PC2 PC3 PC1 PC2 PC3
Eigenvalue 2.97 1.23 1.09 1.82 1.58 1.09
Variance % 49.54 20.52 16.07 36.52 31.77 21.93
Cumulative % 49.54 70.06 86.14 36.52 68.29 90.22
MLR model RE = 237 + 21.4 × PC1 + 3.5 × PC2 + 6.3 × PC3.
BFI = 0.69 + 0.026 × PC1 + 0.029 × PC2 − 0.017 × PC3.
Table 6
Transformed regression models and relative importance analysis for recharge and base ﬂow.
Predictora b  ˇ RW CI-L CI-U RS-RW (%) DW RS-DW (%)
Recharge model (R2 = 0.780, P < 0.0001)
Intercept −69.99
SA 0.38 0.25 0.23 0.16 0.29 24.7 0.25 26.9
STL  −0.09 −0.08 0.15 0.09 0.21 17.0 0.14 15.0
AG  −1.31 −0.27 0.09 0.02 0.12 9.3 0.11 12.2
MW  0.82 0.13 0.04 -0.01 0.09 4.2 0.04 3.9
PPT  0.38 0.27 0.31 0.21 0.44 34.2 0.29 31.8
FS  0.84 0.20 0.10 0.02 0.14 10.6 0.09 10.1
Base  ﬂow index model (R2 = 0.51, P < 0.0001)
Intercept 0.715
SAL −0.001 −0.16 0.06 −0.01 0.19 13.2 0.07 12.8
AG  0.000 0.04 0.02 −0.07 0.05 5.2 0.02 4.5
MW  −0.004 −0.37 0.21 0.06 0.39 41.8 0.20 39.3
GWD  0.006 0.27 0.12 0.02 0.26 24.0 0.13 24.4
FS  0.002 0.29 0.08 0.00 0.17 15.9 0.10 19.0
b unstandardized regression weight,  ˇ standardized regression weight, RW raw relative weight (with rounding error weights will sum to R2), CI-L lower
bound  of conﬁdence interval used to test the statistical signiﬁcance of raw weight, CI-U upper bound of conﬁdence interval used to test the statistical
signiﬁcance of raw weight, RS-RW relative weight rescaled as a percentage of predicted variance in the dependent variable attributed to each predictor
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iwith  rounding error rescaled weights sum to 100%), DW dominance weight, RS-DW general dominance rescaled as a percentage of predicted variance in
he  dependent variable attributed to each predictor (with rounding error rescaled weights sum to 100%).
a The full names of the abbreviated variables are listed in Table 3.
.4.3. Regression models
We  carried out a new PCA analysis (PCA2) for recharge and base ﬂow index with the high loading variables only (>0.75),
ollowed by a multiple linear regression (MLR) analysis with the principal component scores with an eigenvalue greater
han one to identify the most inﬂuential variables affecting recharge and base ﬂow.
For groundwater recharge the new PCA analysis (PCA2) (Table 5) with the high loading variables (sandy soil, precipitation,
orest, agriculture, silty loamy soil, and meadow land use type) produced three principal components with eigenvalues
reater than 1. The PC’s account for more than 86% of the spatial variance in the groundwater recharge. While the new PCA
nalysis of base ﬂow with the high loading variables (sandy loamy soil, groundwater depth, agriculture, forest, and meadow)
roduced three principal components with an eigenvalue above 1 and accounting for more than 90% of the spatial variance.
Next, we performed multiple linear regression analysis with the principal component scores resulting from PCA2. The
echarge and base ﬂow index models included the three uncorrelated principal components and account for 78 and 51
ercent of the total variance respectively (Fig. 12). Then we performed a back-transformation of principal components in
rder to express the recharge and base ﬂow models in terms of the original watershed variables (Table 6).
.4.4. Relative importance analysis
Following regression analysis, we were interested to assess how each variable contributes toward the spatial variance in
echarge and base ﬂow in order of importance. The importance of variables and its contribution to the total variance was
rst examined using standardized regression coefﬁcient (beta weights) (Table 6). For the recharge model, according to beta
eights, precipitation and agriculture were the highest contributors to the total variance in recharge across the dataset and
xplained 22.3 and 22.2% of the statistical variation respectively (Table 5). Other signiﬁcant variables in order of decreasing
mportance were sandy soil (20%), forest (16.7%), meadow (10%), and silty loamy soil (7%). However, according to LeBreton
t al. (2007) interpreting the MLR  results for correlated variables using beta weights leads us to potentially misunderstand
 variables true relative contribution. Therefore, we examined our MLR  results using more sophisticated statistical analysis
ike relative weight analysis and dominance analysis as recommended by Johnson and LeBreton (2004).
Results of relative weight analysis and dominance weight analysis are summarized in Table 6, The RWA  and DWA  shows
hat the overall R2 of recharge model accounts for 90 percent of the total variance. For relative weight analysis, conﬁdence
ntervals (CIS) (at a signiﬁcance alpha level of 0.05) were computed based on bootstrapping with 10,000 replications as
364 Z. Zomlot et al. / Journal of Hydrology: Regional Studies 4 (2015) 349–368
recommended by Tonidandel and LeBreton (2014). The examination of the relative weights revealed that ﬁve variables
explained a statistical signiﬁcant amount of variance, using the approach outlined by Tonidandel et al. (2009) where none of
the 95% CIS for the tests of signiﬁcance contained zero, while only meadow land use type was not signiﬁcant. The rescaled
relative weight (RS-RW) and rescaled dominance weight (RS-DW) were obtained by dividing each raw relative (RW) and
dominance weight (DW) by the model R2 (Table 5). These rescaled weights provide estimates of relative importance using the
metric of percentage of predicted variance attributed to each variable (Tonidandel and LeBreton, 2014). For example, for RWA,
in the recharge model: precipitation explains 34.2% of total variance in recharge (0.31 (RW)/0.90 (R2) = 0.342 × 100 = 34.2%).
Precipitation was the most important variable contributing to the total variance of the recharge in the recharge model
(RS-RW = 34.2%), followed by sandy soil (RS-RW = 24.7%), silty loam soil (RS-RW = 17 %), forest (RS-RW = 10%), agriculture
(RS-RW = 9.3%), and meadow (RS-RW = 4.2%). The order of importance of relative weight results are in agreement with
general dominance weights but differ from beta weights, where dominance weight analysis demonstrated the same order
as relative weight analysis except for forest and agriculture. RWA  and DWA  demonstrated dominance of precipitation over
other variables with 34% and 32%, respectively. Sandy loamy soil and silty loamy soil are the second (RS-RW = 24.7%) and
the third (RS-RW = 17%) major contributors to the total variance of spatial estimation of groundwater recharge among other
variables, followed by forest (RS-RW = 10.6%) and agriculture (RS-RW = 9.3%). While meadow had the lowest percentage of
variance amounting to 4.2% (RS-RW) (Table 6). The RW and DW analysis was  in good agreement with beta weights for base
ﬂow index model except for forest land use type (Table 5), because the predictor variables were uncorrelated. According to
RS-RW, the base ﬂow index variation was explained in order of importance by meadow (41.8%), groundwater depth (24%),
and forest (15.9%), sandy loamy soil (13.2%), and agriculture (5.2%).
As stated above, the amount of precipitation is the highest controlling factor for the spatial estimation of groundwater
recharge. This ﬁnding is a conﬁrmation of results of Kim and Jackson (2012), who performed a MLR  global analysis for
recharge and found that precipitation had the strongest effect and explained 29% of the global variance in recharge. Nolan
et al. (2007) studied the factors inﬂuencing groundwater recharge in the eastern United States using nonlinear regression
analysis, and precipitation was the most inﬂuencing factor for recharge in the region.
Soil texture appear to be the second most important factor in controlling the variance of recharge, i.e., recharge increased
with coarse-textured soil and decreased with ﬁne-textured soil. These results are in accordance with the results of Athavale
et al. (1980), Kennett-Smith et al. (1994), and Kim and Jackson (2012).
Our results also exposed the important role of vegetation cover (forest and agriculture) in controlling the variance of
recharge, explaining 20% of the total variance (Table 6). Globally, vegetation explains about 1.3 and 3 times as much variation
in recharge as potential evapotranspiration and soil saturated hydraulic conductivity (Kim and Jackson, 2012). Percentage
of forest land-use type is shown to have a positive higher effect on groundwater recharge, as indicated in Fig. 8, the seven
different types of forest revealed high annual rates of recharge in Flanders. This ﬁnding was conﬁrmed by Dams et al. (2008)
on basis of results from a case study in the Kleine Nete basin, Belgium. They showed that the future land-use scenarios
modelled with the CLUE-S model indicated an increase in the annual rates of recharge with +12% as a result of complete
afforestation of the basin with deciduous forest.
Meadow land use type was found to be an important controlling factor for base ﬂow. Some meadows have shown to be
groundwater-dependent ecosystems (Allen-Diaz 1991; Chambers and Miller, 2004), while they can either serve as ground-
water recharge (Weller, 1981; Mitsch and Gosselink, 1993) or discharge areas (Batelaan et al., 2003; Hoffman et al., 2013)
depending on the hydrogeological conditions. The geomorphic and hydrologic characteristics of meadows vary consider-
ably and affect the connectedness of groundwater systems with stream channels (Lord et al., 2011), which will affect the
contribution of groundwater to base ﬂow of a stream. Groundwater depth is the second highest contributor of the variance
of base ﬂow, as maximum groundwater discharges to streams occur when the minimum groundwater depth and slope at
the channel is achieved (Hursh and Brater, 1941).
5. Conclusions
The spatial distribution of recharge is traditionally not taken properly into account in groundwater simulations. The GIS-
based WetSpass methodology is a tool which can simulate the spatial distribution of long-term average recharge. Results of
this study show that recharge has a very strong regional variation at the scale of Flanders, while in smaller basins the vari-
ation is less pronounced. Groundwater recharge is strongly inﬂuenced by soil texture and land-use; the spatial correlation,
however, is relatively low. The analysis of groundwater recharge with different combinations of soil texture and land-use
shows positive and negative correlations.
It is very hard to assess the accuracy of any recharge estimation method. For this reason, we have used a base ﬂow analysis
of 67 stream gauging stations as a multiple conﬁrmation strategy, and tests under which conditions long-term averaged base
ﬂow ﬂuxes can be used as a proxy for average recharge values. Based on the results of three separation base ﬂow methods
(WHAT system) on average 73% of the stream ﬂow can be attributed to base ﬂow. The high correlation between the three
methods demonstrates that the base ﬂow methods are comparable to each other, while it shows only moderate correlation
to recharge estimates from the WetSpass model. The correlation was mainly affected by the size of the sub-catchment,
soil and land use conditions. Hence recharge-base ﬂow matching is mainly controlled by watershed characteristics and
groundwater–surface water interaction.
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Considering a wide range of different watershed characteristics, Pearson correlation analysis, PCA, MLR  and relative
mportance analysis (RWA and DWA) identiﬁed the closely correlated factors inﬂuencing the variance of the spatial esti-
ation of groundwater recharge and base ﬂow over Flanders. Groundwater recharge variance is strongly controlled by
recipitation, soil texture (sandy soil and silty loam soil), and vegetation cover (forest and agriculture land-use type), while
ase ﬂow index variance is controlled by vegetation cover (meadow and forest) and groundwater depth. Mean annual pre-
ipitation explains around 34% of the variation in recharge, followed by soil type (sandy soil 25% and silty loam soil 17%).
egetation cover/land use is a third important factor, with forest explaining 10.6%, agriculture 9.3%, and meadow 4.2% of the
otal variance of recharge. Moreover, vegetation is found to be the ﬁrst dominating factor for spatial variation of base ﬂow
ith around 42% followed by groundwater depth with around 24%.
Although the conclusions are made for the whole of Flanders, one should be aware that the results are based on analysis of
7 sub-catchments and that some regions with speciﬁc conditions (e.g., coastal zone and polders) are not well represented.
In general, it is concluded that spatial characteristics play an important role in estimation of base ﬂow and recharge,
hile base ﬂow is a moderate proxy of groundwater recharge. Our results also highlight the potential importance of land-
se changes on the groundwater system, and hence a necessity to include land-use change in proper management practices
f water resources.
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